Abstract. Nowadays, finishing operation in hardened steel parts which have wide industrial applications is done by hard turning. Cubic boron nitride (CBN) inserts, which are expensive, are used for hard turning. The cheaper coated carbide tool is seen as a substitute for CBN inserts in the hardness range (45-55 HRC). However, tool wear in a coated carbide tool during hard turning is a significant factor that influences the tolerance of machined surface. An online tool wear estimation system is essential for maintaining the surface quality and minimizing the manufacturing cost. In this investigation, the cutting tool wear estimation using artificial neural network (ANN) is proposed. AISI4140 steel hardened to 47 HRC is used as a work piece and a coated carbide tool is the cutting tool. Experimentation is based on full factorial design (FFD) as per design of experiments. The variations in cutting forces and vibrations are measured during the experimentation. Based on the process parameters and measured parameters an ANN-based tool wear estimator is developed. The wear outputs from the ANN model are then tested. It was observed that as the model using ANN provided quite satisfactory results, and that it can be used for online tool wear estimation.
cutting forces, tool dynamometers are widely used. Another prominent feature used in TCM is the vibration signal. The amplitude of the vibration signal in the dynamic frequency band of the tool holder's natural frequency along the z direction is more profound to wear, and it can be considered a feature for TCM [15] [16] [17] .
Since tool wear is a complex phenomenon, the signal information from a single sensor is inadequate to predict the wear accurately. Hence, it is advisable to employ multiple sensors. The highlight of the multi-sensor system is the abundance of information available, which can be used for decision making. Many researchers have used a combination of force and vibration signals, as well as acoustic emission signals, to monitor tool wear and roughness [18] [19] [20] .
The estimation of tool wear from the sensor signals is performed by developing a mathematical model from the experimental data, referred to as the regression equation. Since the relationship between features from sensors and tool wear are nonlinear, the regression equation may not hold well. The artificial neural networks (ANN) using a mapping technique between the input and output are extensively employed [21] [22] [23] whenever the relation is nonlinear. The selection of input parameters, hidden layer, and inner error depend upon the cutting process in ANN.
The main research factor in hard turning is the estimation wear in coated carbide cutting tool which can be used as a replacement for expensive CBN tools. Even though many investigations have been carried out on wear estimation and TCM, the research work in TCM considering multilayer coated carbide inserts on hard turning, using multiple sensors which could
Introduction
In the recent past, hard turning has been getting wide industrial acceptance over traditional grinding for the finish turning of hardened steels. Hard turning has some distinct advantages, like higher material removal rate, the same machine for soft and hard turning, less work cycle time and absence of hazardous cutting fluids [1] [2] [3] [4] . Coated carbide tool is seen as a substitute for the expensive cubic boron nitride (CBN) inserts which are widely used for hard turning. But tool wear in carbide inserts is higher, leading to machine downtime. It is reported that the tool wear constitutes about 20% of the total downtime, leading to a drastic increase in production costs [5, 6] . To prevent such critical situation, the status of tool wear during machining should be known. Monitoring the status of the tool is referred to as tool condition monitoring (TCM). Many authors have shown interest in TCM [7] [8] [9] [10] [11] [12] [13] . TCM can be done using direct, as well as indirect methods. Indirect methods are popular because they can be implemented online.
Vibration, current, cutting force, power, torque, and acoustic emission acquired are the widely-used indirect methods which use sensor signals to correlate wear in machining processes. Cutting force is considered to be one of the most important parameters for predicting tool wear [14] . In worn tools, owing to the increased friction, both static and dynamic components of the three orthogonal cutting forces increase. For sensing the 
Measurement of cutting force.
By making use of a piezoelectric force dynamometer (Kistler type 9257B) the cutting forces acting on the cutting tool are sensed. Prior to the cutting experiments, calibration of the dynamo-meter is performed by applying known weights. The mean force components along the x, y, and z-direction are measured. F y is the dominant force in hard turning, as reported in [6] . A model plot of the mean force measured along the radial direction is shown in Fig. 3 . Windows-based Dynaware software is used for signal acquisi- Artificial neural network based tool wear estimation on dry hard turning processes of AISI4140 steel using coated carbide tool tion. The mean force values collected during the experimentation is used as one of the inputs for the ANN-based tool wear estimation system.
Measurement of vibration signals.
Vibration is one of the prominent signals considered for tool wear monitoring. Here, measurement of vibration is performed by means of a triaxial accelerometer made by Kistler (8766A). The amplitude of vibration signals in dynamic frequency band close to the natural frequency of tool holder is highly sensitive to tool wear [17, 18] . The tool holder's natural frequency used for the experimentation was found to be around 4.9 kHz. Consistent peak was observed for all the experiments in the particular dynamic frequency range of 4.5-5.5 kHz. The overall amplitude in the dynamic frequency band of the vibration signal is calculated using the relation given below:
where: G 1-2 -overall amplitude in the frequency band f 1 -lower limit of frequency in Hz. f 2 -lower limit of frequency in Hz. S(f) -power spectral density (PSD) function in g 2 /Hz. The vibration signals which are captured using an accelerometer are analysed using the Dewesoft software. The amplitude data collected during various cutting conditions are used as input values for ANN system training and testing. The power spectral density plot for vibration signal is depicted in Fig. 4. 
Experimental designs
For systematic carrying out of the experiments, all the cutting conditions are framed as per design of experiments (DOE). The levels of process parameters considered are given in Table 1 . A total of 81 experimental conditions are formulated as per the full factorial design (FFD). For formulating the ANN network, the data from experimentation are used. The recommended range specified by SECO is (f = 0.08-0.3 mm/rev and a p = 0.2-3 mm) Table 2 . Table 2 of ANOVA shows the de- Table  2 that the length and velocity are the significant parameters affecting tool wear, followed by depth of cut and feed.
4.2.
Influence of cutting force on flank wear. All the three components of force (F a , F r , and F t ) are measured and the variations of force with wear are investigated, as in Fig. 6 . All the turning forces components show an increasing trend with wear. The reason for this trend is that when wear increases, the area of contact also increases. This leads to more friction between the work piece and tool, which, in turn, increases the static and dynamic components of force. All the conditions reflect higher value for the thrust component of force along the radial direction (F r ) followed by tangential component (F t ) and feed thrust component (F a ). The similar was experienced by previous researchers [1, 3] . The reason for the high value of thrust component is attributed to the spring back effect of hardened material.
Influence of vibration on wear.
Power spectral density (PSD) amplitude of the vibration signal increases with wear in the z-direction. The amplitude along the z-direction is higher compared to x and y directions. A similar trend was observed by Dimla et.al [16] . However, the overall amplitude is low. This is because the rigid clamping of the tool holder in the tool post and the tool holder acts like a cantilever beam. Fig. 7 shows the variation of power spectral density over tool wear for cutting condition (V c = 170 m/min, f = 1.2 mm/rev, and a p = 0.6 mm). From the power spectrum it can be seen that the average power received by the transducer increases with wear. It is because the wear results in increased friction, which in turn increases the vibration. Based on the ANOVA results and the cutting force and acceleration analysis, the following features are selected as inputs for ANN:
• Cutting speed (V c ), 
The proposed ANN architecture
ANN is a modelling tool widely used when the relationships between the input and output are highly nonlinear in nature. In ANN, the relation between the input and output is created by means of a simulated network consisting of interconnected neurons. The commonly used network is feed-forward neural network topology, which consists of three layers, as in Fig. 8 . The ANN uses a mapping technique through which the network output is continuously updated, based on the minimum value of mean square error (MSE). This process is called training. The training process is shown in the flowchart (Fig. 9) .
The algorithm widely used for training is the Levenberg-Marquardt (LM) back propagation algorithm. Mean square error (MSE) is given by:
where: n -number of epochs E j -error value between the target output and network output. θ j -neural network output θ a -target. 
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In this study, tool wear is predicted based on the neural network, as shown in Fig. 8 . Based on the experimentation carried out, the selected features are taken as input and the tool wear is considered as output. Of the 81 cutting conditions, 57 data points (cutting conditions) are used for training, 12 cutting conditions are allotted for validation, and another 12 data points (cutting conditions) for testing. After training the data using LM back propagation [21] [22] [23] algorithm, based upon the minimum value of MSE, the optimum network is arrived at. The different trials carried out and the MSE values are shown in Table 3 . In the present case, the 8-10-1 network is the optimum network. The MSE plot for the training data and validation data is shown in Fig. 10 . The network is cross-validated for the testing data. In this study, tool wear is predicted based on the neural network, as shown in Fig. 8 . Based on the experimentation carried out, the selected features are taken as input and the tool wear is considered as output. Of the 81 cutting conditions, 57 data points (cutting conditions) are used for training, 12 cutting conditions are allotted for validation, and another 12 data points (cutting conditions) for testing. After training the data using LM back propagation [21] [22] [23] algorithm, based upon the minimum value of MSE, the optimum network is arrived at. The different trials carried out and the MSE values are shown in Table 3 . In the present case, the 8-10-1 network is the optimum network. The MSE plot for the training data and validation data is shown in Fig. 10 . The network is cross-validated for the testing data. Fig. 11 . The estimated values of tool wear are highly correlated with the measured data [24] . The testing data regression value is found to be 0.91709. testing data is shown in Fig. 11 . The estimated values of tool wear are highly correlated with the measured data [24] . The testing data regression value is found to be 0.91709.
Validation of ANN-based estimation.
The ANN is cross-validated based on the test data given in 
where Wear exp and Wear est are the measured (experimental) and estimated (ANN) values respectively. 
Measured Predicted
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Conclusions
This paper proposes ANN architecture for tool wear estimation of coated carbide tool, which is seen as a substitute for the expensive CBN tool in hard turning using variation in force and vibration amplitude. The experimentation is carried out based on full factorial design as per design of experiments. The process parameters, measured cutting force data, and vibration data, along with machining length are used as input variables for ANN and tool wear is taken as the output. Experimental data is used for training. The ANN estimator is formulated after training using the LM algorithm. The effectiveness of the ANN estimator for the testing data is investigated. The average error is found to be below 10%. Hence, the proposed ANN estimator for tool wear of coated carbide tool using multiple sensors is found to be satisfactory in hard turning operations and can be considered for online wear estimation.
